The parameter estimation of statistical distributions is important for regional frequency analysis (RFA). The accuracy of different parts of RFA such as estimating the regional quantiles of the selected statistical distribution, determining the heterogeneity measure, and choosing the best distribution based on the Monte Carlo simulation, may be influenced by using the different values of regional parameters. To fulfill this aim, in the present study, a new model is developed for regional drought frequency analysis. This model utilizes the L-moments approach and the adjusted charged system search as an advanced meta-heuristic algorithm, in which some modifications on the equations of the algorithm are performed to improve its standard variant. The verification of the regional parameters estimated by the new methodology yields accurate results compared to other models.
INTRODUCTION
(, ) recommended the discordancy measure based on the mean and covariance of the LMOM ratios using the Mahalanobis distance. This measure can be strongly affected by the discordant sites and is not robust for outlying data. To improve this problem, Neykov et al. () proposed the robust discordancy measure. A few studies have then used this measure in hydrology. Saf () analyzed the effect of discordancy detection measures on regional flood probability types and the accuracy of the estimation on regional analysis. Ilorme & Griffis () utilized the robust discordancy measure to determine physically discordant sites and proposed a new methodology to identify the physical attributes that are the greatest demonstrator of extreme hydrological response. The mentioned studies showed the capability of robust discordancy measure against the classic one for outliers' identification; however, the importance of subset size for all data sets was not investigated. In this study, the different subset sizes are considered to evaluate the accuracy of the robust discordancy measure.
The LMOM method is also utilized for parameter esti- () applied CSS and particle swarm optimization (PSO) for identifying the parameters of the linear Muskingum model. In order to evaluate these algorithms, a numerical example was utilized and the results were compared to those of other algorithms. Sheikholeslami et al. () utilized CSS to optimal cost design of water distribution networks.
They utilized some well-known benchmark instances as case studies. Comparison of the results of CSS with some other MHA demonstrated the high performance of this algorithm. In this study, an adjusted CSS (ACSS) algorithm is applied for estimating the regional parameters of Kappa distribution, and then the results are compared with those of the LMOM as the conventional approach.
Considering these points, the main contributions of this paper are:
(1) presenting the robust discordancy measure with different values of subset factor and comparing with the classic discordancy measure;
(2) applying the ACSS algorithm for the parameter estimation of statistical distributions; and
(3) proposing a new model to give regional parameters for statistical distribution.
METHODOLOGY ACSS
The ACSS algorithm as a meta-heuristic algorithm contains a number of charged particles (CPs), where each one treats as a charged sphere and can insert an electric force to the others. Thus, the resultant electrical force affect a CP results in its acceleration. ACSS uses the governing laws of motion from the Newtonian mechanics to determine the position of CPs. Application of these laws provides a good balance between the exploration and the exploitation of the algorithm (Kaveh & Talatahari ) . The pseudo-code for the ACSS algorithm is summarized as follows.
Step 1: Initialization. The magnitude of the charge for each CP is defined as:
where f b and f w are the best and the worst objective function values among all of the particles; f i represents the fitness of the agent i; and N is the total number of CPs. The separation distance r ij between any two CPs is defined as follows:
where X i and X j are the positions of the ith and jth CPs, respectively; X b is the position of the best current CP; and
ε is a small positive number. The initial positions of CPs are determined randomly and the initial velocities of CPs are assumed to be zero.
Step 2: Charged memory creation. A number of the best CPs and the values of their corresponding objective functions are saved in the charged memory.
Step 3: Force determination. The probability of moving each CP towards the others is determined using the following function:
Then, the resultant force vector for each CP is calculated as:
where F j is the resultant force acting on the jth CP; X i and X j are the positions of the ith and jth CPs, respectively.
Step 4: Force type identification. The kind of forces can be attractive or repelling, and this is determined by using the kind of force parameter, ar ij , defined as:
where ar ij determines the type of the force, with þ1 representing the attractive force and À1 denoting the repelling force, and k t is the force type coefficient, which controls the effect of the kind of force. ar ij should be multiplied to the resultant force.
Step 5: Solution construction. Each CP moves to the new position as:
where k a and k v are the acceleration and the velocity coefficients, respectively; rand j1 and rand j2 are two random numbers; V j,old and V j,new are the old and new velocities of the jth CP, respectively; and Δt is the time step which is set to unity.
Step 6: Velocities correction. To prevent escaping CPs from the search area, the velocities of CPs in each dimension are restricted to a maximum velocity (v j,max ), as:
The maximum velocity is defined as:
where γ is the fraction of the distance between the bounds in the range [0,1]. x j,max and x j,min represent the upper and lower bounds for each design variable, respectively.
Step 7: Solutions modification. The nearest limit and reflection methods is utilized for modifying the positions and velocities of violated CPs, respectively. Therefore, any variable of the violated CP is regenerated as follows: 
Discordancy measure
A discordancy measure is used to recognize discordant site(s) in a region to remove them. The classic discordancy measure (D i ) for the ith site in a region is defined as:
where N is number of sites, u i ¼ [t (i) , t 3 (i) , t 4 (i) ] T is a vector of the LMOM ratios for the ith site, and its components are:
t as the L-coefficient of variation (L-CV), t 3 as the L-coefficient of skewness (L-CS), and t 4 as the L-coefficient of kurtosis (L-CK), respectively; u is the regional unweighted average and S is the matrix of sums of squares and crossproducts. The critical discordancy measure is equal to 3 and the site becomes discordant when D i > 3 (Hosking & Wallis , ). Due to the outlier observations' influence on the classical estimates of u and S, the number of discordant sites for a region can be smaller than the real number.
Therefore, it is necessary to utilize the robust discordancy measure in RFA (Saf ) .
There are many robust estimators in statistics, such as Rousseeuw (, ) defined the MCD estimator, which can be computed efficiently with the FAST-MCD algorithm.
Finding the h observations (out of N) whose classical covariance matrix has the lowest possible determinant, is the main objective of MCD. There is a relation between the subset size (h) and subset factor (α) when the value of α varies from 0.5 to 
where M and C are the average of h observation and its Reweighted MCD estimators can be used to increase the finite-sample efficiency. Therefore, a weight w i is defined based on the initial RD i by:
where χ 2 is a chi-square distribution with degrees of freedom by p for the corresponding probability 0.975. For p ¼ 3, the critical discordancy value becomes ffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi χ 2 3, 0:975 q ¼ 3:06: The reweighted MCD estimators are calculated as:
The final robust discordancy measure is computed using these reweighted estimates (M R , C R ).
In this study, the MATLAB library for robust analysis, LIBRA, introduced by Verboven & Hubert (), is used for the computation of the robust discordancy measure.
Heterogeneity measure
One of the main steps in the RFA contains identifying homogenous regions (Saf ) . For this purpose, the heterogeneity measure was proposed to compute the degree of heterogeneity in a region. The steps of the heterogeneity measure are illustrated as below (Hosking & Wallis ).
Step 1: Calculate the regional LMOM ratios.
Step 2: Compute the V variables.
Step 3: Fit the four-parameter Kappa (KAP) distribution.
Step 4: Simulate a large number of synthetic regions.
Step 5: Drive the H indices. Finally, heterogeneity measures are given as follows:
where μ vi and σ vi are the mean and standard deviation of the simulated V variables.
Hosking & Wallis () suggested that a region is 'acceptably homogeneous' if H i is less than 1, 'possibly heterogeneous' if H i is between 1 and 2, and 'definitely heterogeneous' if H i is greater than 2. Also, they stated that the H 1 statistic compared to the statistics H 2 and H 3 has a discriminating power and is the most important heterogeneity measure (Rao & Hamed ) .
Estimation of regional parameters
In order to determine the heterogeneity measure, it is necessary to estimate the regional parameters of KAP distribution for the sample data. In this study, three models are considered to fulfill this aim. Cost Function ¼ Minimize
where S ij is the jth observed severity of the site i;Ŝ ij is the jth computed severity of the site i; and S i is the average of observed severity of the site i.
After estimating parameters for each site (θ i k ), the at-site parameters are combined to give regional parameters (θ R k ) as:
Model 2: Based on this model, after combining the sites, the regional parameters of these sites are estimated using the proposed methods. For calculating the cost function, the combined data are used instead of at-site data.
Model 3: Finally, in the third model, all data of each site are used to estimate the regional parameters. In other words, the cost function is redefined in a way that the result will be matched with all sites with a small error, i.e.,
Due to the nature of the defined optimization problem, the regional parameters of KAP distribution can only be estimated by the ACSS method as a meta-heuristic algorithm.
Goodness-of-fit measure
Before conducting a hydrological frequency analysis, the best-fit distribution for interested variables must be selected by a goodness-of-fit measure. There are different goodness- ). The goodness-of-fit measure, Z DIST , which is utilized in this study for selecting the best regional distribution, is defined as: 
The coefficient A k was given by Hosking & Wallis (, Table A3 ).
Also, t R 4 is the regional L-CK and B 4 and σ 4 are the bias and the standard deviation of t R 4 , respectively, as:
where t [m] 4 is the regional L-CK values for the mth simulated region, and N sim is the number of simulated regions with N sites. As mentioned in the heterogeneity measure, the KAP distribution is used in a similar way for the simulated region. For selected distribution, if Z DIST 1:64, then it can be suitable as a regional distribution (Hosking & Wallis ).
Estimation of the regional distribution
After choosing the suitable regional frequency distribution (s), its parameters and quantiles can be obtained. For a homogenous region with N sites, the quantile of nonexceedance probability F for each site (Q i F ð Þ) is expressed as:
whereμ i is the scale factor (mean of data at site i), andq F ð Þ is the regional growth curve. The dimensionless rescaled
Then, the regional growth curve is computed using these parameters and the nonexceedance probability F. Finally, Monte Carlo simulation is utilized to quantify the accuracy of the quantile estimates for various probabilities. Three different measures, such as the regional average relative bias (B R F ð Þ), regional average absolute relative bias (A R F ð Þ), and regional average relative RMSE (R R F ð Þ) have been defined by Hosking & Wallis () to fulfill this aim and here we utilized all of them in assessing the accuracy of quantile estimates by the following formulas:
Cluster analysis
The cluster analysis is used to assemble objects into a set of specific groups with a maximum similarity between the clus- Since the results can be affected by variables with different units, the data should be normalized with appropriate transformation functions before applying the K-means clustering method. Therefore, the catchment characteristics 
where Y is the normalized value, and X min and X max are the minimum and maximum values for each variable in the data set (X ), respectively.
To determine the optimal number of clusters (k), and to check the success of cluster assigning, the cluster validity indices are extensively used in a data set (Rousseeuw ;
Rao & Srinivas ). In the present study, the silhouette width is used for this aim as:
where a(i) is the average dissimilarity of the ith object with all other objects within the same cluster and b(i) is the lowest average dissimilarity of the ith object with all other objects within any neighbor cluster. For the given k clusters, the average silhouette width ( S k ð Þ) is the average of the silhouette widths over all objects (Kaufman & Rousseeuw ) .
Adaption to droughts
Since droughts are regional in nature, it is logical to utilize In order to adopt the LMOM approach to the drought severity, the details of the methodology can be summarized as follows:
• Consider a number of sites within the region.
• Assemble the monthly precipitation data of each site.
• Calculate the SPI values and extract the drought characteristics.
• Compute the discordancy and heterogeneity measures.
• Specify the homogeneous sub-regions by using the cluster analysis.
• Determine the best regional distribution for each subregion.
Study area and data
The study area is the East-Azarbaijan province, northwest of Iran, which covers an area of over 45,491 km 2 (Figure 1 ).
Monthly precipitation data for a period of 31 years from 
RESULTS

Assumption of homogeneous region for all sites
First, the entire the study area is assumed as one homogeneous region. Hence, the classic discordancy (CD i ) measure and robust discordancy (RD i ) measure with five different values of α are computed and the discordant sites are shown in Then, the regional parameters of the KAP distribution are estimated based on three proposed models. For model 1, the results of at-site parameters and the values of two main goodness-of-fit tests, the root mean square error (RMSE) and efficiency coefficient (EC), based on the LMOM and ACSS methods, are presented in Tables 3 and 4 for the selected sites, respectively. Tables 3 and 4 indicate that the results of the ACSS method are better than the LMOM method for all sites, especially for sites 13, 51, and 60 where the EC value becomes smaller than 0.9 for LMOM, whereas the performances of ACSS are adequate for these sites. Also, the values of ξ and α parameters of the LMOM results for sites 22, 42, 52, and 58 are significantly different in comparison with these parameters for the other sites. Therefore, the regional parameters can be extensively affected by the weighted ratio (n i = P N i¼1 n i ) of model 1. In contrast, the values of these parameters have some small variations for the results of the ACSS method.
The regional parameters of KAP distribution based on model 1 are given in Table 5 . The results of the goodnessof-fit tests by using the regional parameters of model 1 for each site demonstrate that LMOM performs worse than ACSS. For 97% of sites, the results of EC are less than zero for LMOM while for ACSS only 8% of sites have EC < 0 and in return 65% and 30% of sites have EC greater than 0.5 and 0.8, respectively.
The regional parameters of KAP distribution for model 2 are given in Table 5 . The results of the goodness-of-fit tests obtained by the regional parameters show that the performance of the LMOM and ACSS methods is close. However, the value of the sum of differences of the EC (SDEC) measure is equal to 0.4631, which shows the relative superiority of ACSS. In both methods, the value of EC for site 43 is less than zero. As shown in Table 2 , site 43 is a discordant site and has the maximum value of the discordancy measure among the others. Therefore, this model is less sensitive than the first one to the outliers. In addition, the results demonstrate that the percentage of sites which have EC values greater than 0.5 and 0.8, obtained by LMOM are equal to 97% and 72%, respectively. These values are 97% and 75% for ACSS, respectively. Figure 2 . This figure shows the superiority of the ACSS compared to the other algorithms in convergence speed and accuracy.
According to the results of various models and methods, model 3 with the ACSS method is selected for estimating the regional parameters of the KAP distribution. However, with regional parameters of the KAP distribution, sample sizes the same as at-site historical data and N sim ¼ 1,000, the heterogeneity and goodness-of-fit measures are calculated as shown in Table 7 , which indicate the study area with 60 sites is 'definitely heterogeneous' before removal of the discordant sites according to the H 1 value. Also, based on the results of goodness-of-fit measure (Z DIST ), only the PE3 distribution is selected for the study area.
The LMOM ratio diagrams in terms of the L-CV, L-CS and L-CS, L-CK of drought severity are shown in Figures 3 and 4, respectively. As expected, these figures demonstrate that the entire region is heterogeneous. Data points are closely scattered in Figures 3 and 4 . This is also supported by the results obtained from the regional heterogeneity measure. For example, site 43 has a maximum value based on classic and robust discordancy measures which is separated from the other sites. Also, sites 13 and 51 are separated from the other sites and the robust discordancy measure with different values of α confirm this concept, whereas according to the classic discordancy measure, only site 51 At last, after removing the discordant sites based on the classic and robust discordancy measures, the heterogeneity and goodness-of-fit measures are computed as demonstrated in Table 7 . A value of H 1 ¼ 2.13 in this table indicates that the study area is 'definitely heterogeneous'. On the contrary, using the robust discordancy measure with different values of subset factor for recognizing and removing the discordant sites shows an improvement in heterogeneity measure and suggests that the whole region is 'possibly heterogeneous'. Also, based on the goodness-of-fit measure, the PE3 distribution is selected as the regional distribution for this region.
Clustering and identification of homogeneous regions
In order to identify the optimum number of clusters, the average silhouette width for some number of clusters are computed and illustrated in Table 8 . According to this table, the maximum value of average silhouette width corresponds to the best number of clusters (k), which is equal to 3.
The values of the silhouette index for all sites related to k ¼ 3 are presented in Figure 5 . The silhouette index for a few sites in cluster 2 is less than zero, so the quality of clustering may not be good. Thus, the exact results can be achieved by using the heterogeneity measure for each subregion. Figure 6 shows the location of the sites in the identified clusters.
The classic discordancy measure and robust discordancy measure with five different values of α are computed and the discordant sites for three clusters are presented in Table 9 .
The heterogeneity and goodness-of-fit measures are demonstrated in Table 10 , as well. The results in Table 10 show that the third cluster is 'acceptably homogeneous', the first cluster is 'possibly heterogeneous', and the second one is 'definitely heterogeneous' according to the H 1 test.
In order to improve the heterogeneity measure, Table 9 demonstrates that the classic discordancy measure could not detect any discordant site for cluster 1. Also, only one discordant site is detected for cluster 2, whereas the different discordant sites are identified based on the robust discordancy measure with different values of α.
Finally, after removing the discordant sites for clusters 1 and 2, the heterogeneity and goodness-of-fit measures are also shown in Table 10 . In this condition, the value of H 1 demonstrates that cluster 2 is not 'acceptably homogeneous'.
On the contrary, after removing the discordant sites (based on robust discordancy measure with all values of α), cluster 1 is found to be 'acceptably homogeneous'. Just α ¼ 0.80 yields 'acceptably homogeneous' for cluster 2 and the other values of α yield 'possibly heterogeneous'.
The results of goodness-of-fit measure (Table 10) reveal that PE3 has the best distribution among the others. Also, according to Figure 7 which shows the LMOM ratio diagram in terms of the L-CS, L-CK for all clusters, the best regional distribution is PE3 for drought severity.
After the selection of PE3 distribution as a suitable regional frequency distribution, the regional parameters of the respective distribution are estimated using model 3 and by the ACSS method, then the regional quantiles of various return periods for all clusters are illustrated in Table 11 . The estimated regional growth curve values and the relative RMSE for each cluster are determined in Table 12 . The results verify that by increasing the value of the return period, the accuracy of the regional growth curve decreases.
In addition, Monte Carlo simulation is used to assess the accuracy of the estimates of the determined homogeneous regions, by generating the same sample sizes as those of the original sample. The number of random samples, N sim , is set to 10,000 for selected quantiles corresponding to return periods of 10, 25, 50, 100, and 200 years. Table 13 shows the results of the B R (F), A R (F), and R R (F). According
to Tables 12 and 13 , the values of the RMSE of the estimated growth curve values are always less than the estimated quantiles for the same return periods, which represent the uncertainty in the estimated scale factor. These results are verified by Saf () and Hussain ().
CONCLUSIONS
In the standard CSS algorithm, search agents or CPs affect each other according to laws from electrostatics and mechanics. Here, a new ACSS is developed to improve the performance of CSS. The ACSS and CSS algorithms use the governing laws from electrical physics and Newtonian mechanics to determine the amount and the direction of a CPs movement. The CSS and ACSS algorithms can distinguish the local search and the global search phases, and utilize suitable relationships in these phases resulting in a good balance between exploration and exploitation. However, applying some controlling limits and the constraints is the main difference between the ACSS and CSS algorithms.
On the other hand, a new model is introduced to estimate the regional parameters of the statistical distributions. Then, the ACSS method is utilized to estimate the accurate parameters and quantile estimates for a region. Also for the Monte Carlo simulation, this new model is employed to generate samples from the selected distribution. In addition, the robust discordancy measure with different subset factors is developed to detect and remove the discordant sites, which causes some improvements in the heterogeneity measure.
The data used in this study are drought severity extracted for 60 sites in East-Azarbaijan, Iran. The relevant conclusions can be summarized as follows:
• The ACSS has the ability to improve the search and convergence speed compared to the standard CSS.
• The ACSS algorithm has stable convergence characteristics and good computational ability, and is an effective algorithm compared to other algorithms, such as the GA and PSO, for RFA.
• The ACSS can estimate the global optimum (or at least near it) of parameters without using nonlinear complex equations and any approximations.
• The new model is the best model among the others. This model is based on the participation of all the data of sites in a region for estimating the regional parameters and quantiles, while other models are based on the weighted at-site parameters or the combination of the sites.
• Identifying discordant sites using the robust discordancy measure is more accurate than the classic discordancy measure. Among the different values for the subset factor, the value of 0.8 is found suitable for robust discordancy measure and to detect the discordant sites of a heterogeneous region.
• The study area is divided into three sub-regions, south, northeast, and northwest by using the K-means clustering method and the Pearson type 3 distribution is found the best regional distribution for all sub-regions.
Finally, this method can be applied for RFA of other hydrological phenomena, such as rainfall and stream flow.
Also, the multivariate RFA framework based on the multivariate LMOM approach is suggested for future application of this work. In addition, another goodnessof-fit measure, the LMOM ratios-based test, can be applied and compared with the Z DIST -based test for selecting the best regional distribution.
